Genetic encoding in Aevol. Genomes of Aevol organisms are typically 5,000 -10,000 sequences of zeros and ones. In the main text we have already described how the fitness is calculated based on the collection of proteins that form a phenotype. Here we cover the previous step of the genotype-phenotype-fitness mapping in Aevol, namely going from genotype to a collection of proteins (summarized in Figure S1 ). The process starts by searching for transcribed sequences in the genome. A transcribed sequence is a genome region that starts with a promoter, defined as fixed, 22-bit long binary sequence, 0101011001110010010110, and finishes with a terminator. Terminator is any 11-bit long sequence of the form a 1 a 2 a 3 a 4 x 1 x 2 x 3 b 4 b 3 b 2 b 1 , where a a i , x i , b i ∈ {0,1}, and b i is a complement of a i , b i = | a i -1 |, which mimics the biological terminators that can stop transcription by forming a hairpin. Inside the transcribed sequence, we look for ShineDalgarno sequence, 011011, followed by any 4 base-long sequence that serves as a spacer. If the transcribed sequence contains a sequence that encodes for a functional protein, after the spacer we must find a START codon, followed by at least one codon for the width, height, and mean position of the protein triangle, and finally, the STOP codon. The full list of different codons in Aevol is presented in Figure S1 . There are three types of codons, and two codons per type, denoted as m 1 , m 2 , w 1 , w 2 , h 1 and h 2 . Once all the codons of the protein are known, the indices of the codons of the same type (m, w, or h) are combined to form a binary sequence. This sequence is then transformed via Gray code into a decimal value. The Gray code ensures that similar decimal values are encoded by similar binary sequence, which is typically not the case in classical binary notation (e.g. the binary representation of 31 and 32 is 011111 and 100000, respectively). Parameter choices in Aevol. Aevol is a mature system, written 10 years ago, and with close to 20 publications. Over the course of various studies, many different parameter combinations have been examined. In our parameter choices we have always been driven by both the desire for biological realism and by the experimental constraints. For example, mutation rates are notoriously difficult to accurately measure in nature, but there is a general consensus that rearrangements, such as transpositions, and large insertions/deletions are much less frequent than smaller mutation events, such as point mutations or small insertions/deletions (Stenson et al. 2014) . This is the reason we made these two classes of mutation differ by an order of magnitude in frequency, setting the rate to 10 -5 per base pair for base-pair substitutions and small insertions/deletions (less than 6 base pairs) and to 10 -6 for inversions, translocations and large insertions/deletions. Previous work with Aevol has shown that the genome size directly depends on the mutation rate and that high mutation rates also lead to small, compact genomes, with high gene density (Knibbe et al. 2007 ). The mutation rates chosen for this study are consistent with ones used
in previous work, producing biologically realistic genome organization and evolutionary dynamics.
The choice of (M, W, H) triplet values, determining the target, optimal phenotype, is largely arbitrary. The idea is to have a smooth function, one that is difficult to approximate with triangles, and represents a non-trivial evolutionary goal. An important consideration is making the high points of the function less than 0.5. This is a purely mechanistic constraint, related to phenotype calculation, during which all proteins are combined (Figure 1 ), but also any phenotype values greater than 1 are rounded down to 1. If the target function approached or exceeded 0.5 in a certain region, the individual with several copies of the same gene whose protein (triangle) is positioned in the same region would likely have high fitness without actually having to exactly approximate the target function. It would be enough to have a phenotype that greatly exceeds both the function and the upper limit of 1. The phenotype would be truncated, but most of it would still be under the target function. Essentially, "solving" the evolutionary challenge by duplicating any gene many times would present a simple and much less interesting evolutionary strategy, which is why we chose to prevent it by using the target function with maximal height of 0.3. Previous Aevol work has not systematically explored the effect of different target functions on the evolution outcomes, but there is no reason to suspect that our choice in any way represent a special case. On the contrary, past studies, using somewhat different target phenotypes, exhibited generally indistinguishable evolutionary dynamics Misevic et al. 2013 ).
Variable ranges in Aevol.
Here we briefly discuss the range of the main variables in Aevol, namely metabolic fitness, secretion amount, and the amount of public good molecule present. Based on the formula we use, theoretical maximum for metabolic fitness, as well as for the amount of public good secreted, S, is 1, which would be attained when the phenotype would perfectly match the target function. The lower limit for S is 0, when there are no secretion genes at all. As metabolic fitness is calculated slightly differently, for the parameters used in all our simulations, it is never lover than 0.7. However, in terms of selection and evolution, what is important is the relative fitness in competition. Due to rank based selection regime we described in Methods, the probability of reproducing is always equal to one of the 9 possible values: (a -1) x a 9-R / (a 9 -1), where selection coefficient a = 0.7 and individual's rank in its neighborhood is R, with R ∈ {1, 2, ... , 9}. Thus, highest possible probability of reproduction in each neighborhood is 0.3126 and the lowest is 0.0180.
There is no public good present in the environment at the beginning of an experiment, which makes the average amount of public good present (PG) equal to zero, its minimal value. At each generation, the amount of public good in each cell is affected by degradation (a certain percentage of it disappears, 10% by default) and diffusion (a certain percentage diffuses into each neighboring cell, and some also diffuses from each neighboring cells, by default 5% of what is present), and of course secretion. Under these parameters, a population of perfect secretors (secreting 1 unit of public good every generation) will asymptotically approach 10 units of public good in each cell-grid. We should note that while there is no explicit uptake/consumption of the public good represented in our model, we can consider those factors as included in the degradation parameter, due to constant number of individuals in our populations, and assuming equal consumption/uptake among individuals.
Dynamics of cooperation over time.
In the main text we present the levels of cooperation from the end of our experiments (Figure 3) . Namely, we examined the Aevol populations that have evolved for 50,000 generations and Aevol-lite and CAevol populations that evolved for 5,000 generations. In the Figure S3 , we present the time course of cooperation in the same experiments. While the levels of cooperation in Aevol-lite and CAevol have obviously reached a plateau, in Aevol, they seem to still be evolving. In order to determine whether the shape effect is transient, where slender populations would eventually catch up or overtake the bulky ones, we extended our experiments to 200,000 generations, 4 times longer than the original 50,000 generations ( Figure S4A ). The difference in the levels of secretion between the population shapes has certainly decreased, but it is still present at the end of the experiment (Lilliefors normality test, p = 0.301 for bulky and p > 0.5 for slender populations; t-test p = 0.0003). Having persisted for 200,000 generations of evolution the shape effect is certainly long lasting if not fully stabilized or permanent.
We take some time to also consider the biological and not only the statistical significance of the Aevol results. The averages at any given point, such as the ones presented in Figure  3a , accurately illustrate the difference between treatments, but due to the small numerical vales they will always make it appear overly modest. If we were to consider the percent difference, between the two shapes, we would see that bulky populations have on average ~11% more public good secreted at 50,000 generations and ~3% at 200,000 generations. Over the entire course of our experiment, that difference is ~25% when considering the first 50,000 generations and ~10% when considering the entire 200,000 generations ( Figure S4B shows the percent difference over time). In a natural system, a 10% difference in amount secreted would be rightfully considered highly biologically significant. Similarly small but significant variations in the levels of cooperation are reported in literature, including human (resource sharing, (Lamba and Mace 2011) ) and bacterial systems (siderophore production in P. aeruginosa, (Jiricny et al. 2010) ). Authors isolated spontaneous P. aeruginosa "cheater" mutants in the lab, with decrease in cooperation from less than 5% all the way up to 99%. They observed similar mutants in the patients' lungs in the follow-up paper (Jiricny et al. 2014) and have shown that level of cooperation correlates well with fitness. We have verified that the difference in average secretion is reflected in the difference in average fitness between slender and bulky populations. Indeed, there is no statistical difference in the metabolic part of fitness (Lilliefors normality test, p = 0.113 for bulky and p = 0.048 for slender populations; Wilcoxon rank sum p = 0.320) at 200,000 generations, but the fitness difference between the shapes is significant (Lilliefors normality test, p = 0.030 for bulky and p = 0.381 for slender populations; Wilcoxon rank sum p = 0.0002) and on the order of 1%. Such small but biologically significant fitness differences certainly occur in nature. For example, beneficial mutations of less than 1% have fixed in long-term evolutionary experiments with E. coli (Barrick et al. 2009 ) and selection coefficients on the order of 10 -6 have been estimated for Drosophila populations (Sawyer and Hartl 1992) .
Here we will briefly consider how does the idea of any evolutionary system reaching a steady state apply to our experiments. The in silico experimental evolution has frequently focused on the elusive open-ended evolution property (Bedau et al. 1998; Taylor 2012; Soros and Stanley 2014) . Definitions vary, but range from requiring the ability of making unintended major transitions (e.g. single to multicellularity) to simply expecting that the system never levels off, never reaches a stable state. Evolution on earth certainly satisfies both criteria. Evolution in the lab, exemplified by the Lenski Long Term Experiment with E. coli, seemed at one time to have leveled off. However, recent work on the citrate utilization (Blount et al. 2008) as well as numerical analysis of the fitness increase over time (Wiser et al. 2013 ), argue otherwise. There is little chance of Aevol organisms evolving multicellularity or some other complex trait de novo, but we expect that competition and adaptation may continue indefinitely. All competition in Aevol is local, and the offspring present in the next generation are chosen using a rank-based algorithm. This simply means that it is not the fittest one that reproduces by default, nor is the probability of reproduction proportional to ones fitness. Instead, the probability of leaving offspring is proportional to the organism's fitness-based rank in the neighborhood. As a result, the strength of selection does not decrease as organisms adapt and mutation effects become smaller. Because fitness depends on how well phenotypic triangles approximate a smooth distribution, it will asymptotically grow towards the theoretical maximum, without ever reaching it. Even the trajectories that look like they have leveled off may actually still be increasing, but at a rate one or more orders of magnitude lower, the increase hidden by the between-population variation. While considerations of long-term dynamics are interesting and important, it may be misleading to make trajectory stabilization a necessary condition for stopping the simulations. If anything, we should strive towards the opposite type of systems, one in which stabilization is at least an extremely long-term but preferably a non-attainable outcome.
The difference between slender and bulky populations may indeed eventually become undetectable, but not because the patch dynamics we describe wuold become different or disappear altogether. The issue is in the evolutionarily possible levels of secretion and rather than perform further simulations, we explain it by considering the Aevol-lite work already done. If we were to qualify the cooperation level in the current Aevol-lite experiments using the average amount of secreted public good within a population, nothing would be numerically from the present analysis. Cooperators secrete one unit, noncooperators do not secrete at all, and so the average secretion is exactly the same as the proportion of cooperators in the population. However, if we ran experiments with less public good secreted by each cooperator, the equivalence would not hold. In our experiments, there were on average 17.24% cooperators in bulky populations, and the average secretion was 0.17. However, if we had ran the same simulations with individuals that secrete not 1 unit but 0.2 units of public good (at a five times smaller cost), we would still get 17.24% cooperators, but the average secretion would be only 0.07. It follows that smaller differences in levels of secretion would result the average secretion becoming more similar even between populations that have very different proportions of secretors and nonsecretors.
We go on to apply the argument previously explained with Aevol-lite onto Aevol populations. Due to the continuous level of secretion, Aevol has many more than two cooperation levels (see § 2) and the number of organism types present in the population depends on the particular region of the genotype-phenotype landscape the population inhabits. As the population evolves, it converges to the optimal level of secretion for a given set of parameters. However, unlike in the simpler systems with binary cooperation levels, in Aevol it is not just the ratio of the cooperators and cheaters (both of which are relative terms here, as discussed before) that changes, but also their secretion levels. By changing the genetic architecture of cooperation, which we know to happen from our previous work , evolution can fine-tune the types of mutants that arise, leading to larger or smaller differences between the dominant cooperative type and the mutants derived from it. Once the levels of secretion within populations become very similar, even if the ratio of cheaters and cooperators remains unequal between two shapes, the difference may be difficult to detect over the between-population noise. We use two methods to measure the diversity of the secretion levels present in the population. First, we record and analyze the within-population variance in secretion over time ( Figure S5 ). As expected, the variance decreases, and with it, our ability to differentiate between populations that have different ratios of cheaters and cooperators. Secondly, we conduct mutation experiments on a large proportion of the population, specifically top 50% of cooperators among top 90% of the fittest individuals in each population after 50,000 and 200,000 generations of evolution. After creating 10,000 mutants for each individual, we specifically examine mutants that lower the secretion without lowering the metabolic fitness component and are thus good candidates for founders of expanding cheater patches, and record the decrease in the amount of secretion. We find that in both bulky and slender populations, the difference between cooperators and potential non-cooperators (or at least weaker-cooperators) decreases later in evolution ( Figure S6 ; cannot reject the hypothesis of data being normally distributed, Lilliefors test, p > 0.1 for both slender and p > 0.2 for both bulky populations; paired t-test, p < 10 -10 for slender and p < 10 -5 for bulky populations, indicating a difference in mutation effect). As predicted, such change in represented levels of secretion would make differences in composition of slender and bulky populations more difficult to detect on the bases of average secretion alone.
In conclusion, if the Aevol simulations were to be continued indefinitely, there is a chance that the difference between slender and bulky populations becomes undetectable, due to the similarity of the organism types that inhabit them. However, this is a slow process, taking hundreds of thousands of generations, which only at its limit effectively erases the effect of population shape on cooperation. Eventual convergence does not contradict or negate the importance of the patch dynamics mechanism we describe. Depending on the possible levels of cooperation accessible to an evolving natural system, sufficiently small withinpopulation variance may never be attained. Moreover, although complex, Aevol is still simpler and faster evolving system than any natural one, suggesting that the shape effect would in nature be at least as long lived as in our in silico system.
Reshaping experiments in Aevol. In order to investigate the constraints population shape may place on the genetic encoding of cooperation, we conducted experiments in which the shape of population was changed after 50,000 generations of evolution. To move from slender to bulky population we cut 4x100 strips and stacked them on top of each other. To transform a bulky into a slender population, we again cut 4x100 strips but now joined them by the short edge. Formally, let ‫ݔ(‬ , ‫ݕ‬ ) be the coordinates of an individual in the ancestral population, so that 0 ≤ ‫ݔ‬ ≤ ‫ݔ‬ ௫ − 1 and 0 ≤ ‫ݕ‬ ≤ ‫ݕ‬ ௫ − 1, and let ‫ݔ(‬ , ‫ݕ‬ ) be its coordinates in the new, reshaped population. Then for ‫ݔ(‬ ௫ , ‫ݕ‬ ௫ ) = (100,100), we have ‫ݔ‬ = ‫ݔ(݀݉‬ , 100) and ‫ݕ‬ = 100 × ‫ݔ(ݎ݈݂‬ 100 ⁄ ) + ‫ݕ‬ , where ‫)ݔ(ݎ݈݂‬ is the largest integer not greater than ‫ݔ‬ and ‫,ݔ(݀݉‬ ‫)ݕ‬ is the remainder of division of ‫ݔ‬ by ‫.ݕ‬ Similarly, for ‫ݔ(‬ ௫ , ‫ݕ‬ ௫ ) = (4,2500) , we have ‫ݔ‬ = 4 × ‫ݕ(ݎ݈݂‬ 100 ⁄ ) + ‫ݔ‬ and ‫ݕ‬ = ‫ݕ(݀݉‬ , 100).
Effects of public good properties: degradation, diffusion, cost in Aevol. In order to evaluate the robustness of the observed shape effect to parameter changes, we varied several properties of the public good system in Aevol. From previous work we know that the amount of secretion is strongly and sometimes non-linearly affected by cost of public good secretion, as well as the public good diffusion and degradation rate . We were specifically interested in testing whether any of the properties may eliminate or reverse the direction of the population shape effect. Generally, we found the following trends: (i) increasing any of the properties lead to decrease in secretion, (ii) slender populations still cooperated less than bulky one, and (iii) property increase affected slender populations more than bulky ones. The details of the results are presented in the subsections below and the Figures S6-S8 . The shape effect is very robust, maintained under practically any parameter combinations. Cooperation in slender populations appeared to be fragile and it decreased more than in corresponding bulky populations when facing unfavorable environmental factors, such as increased secretion cost, public good degradation or diffusion.
Secretion cost experiments.
For each unit of public good they secrete, organisms pay a direct and immediate fitness cost, as determined by the cost parameter C in the fitness equation W met x (1 + PG -C x S) (see main text for more details on the fitness calculation). Different costs of secretion had a strong effect on the final amount of the secreted molecule ( Figure S7 ). As expected, all else being equal, populations with a higher secretion cost generally evolved less secretion. We analyzed the Aevol populations after 50,000 generations of evolution under different conditions and found some of the data is not normally distributed (Lilliefors test, p < 0.001 for bulky populations at cost of 0.1 and 0.3, and slender populations for costs of 0.03 and 0.3), suggesting the use of non-parametric tests. For low and medium secretion costs, the slender population evolved less secretion than the bulky ones (costs of 0.01, 0.03, and 0.1, Wilcoxon, p < 10 -9 ). There was no significant difference for the highest cost of 0.3 (Wilcoxon, p = 0.14), likely because many of the populations were not secreting at all. We should note that in the high secretion cost treatment there is a qualitative and not just quantitative difference between two shape treatments, since there is still some cooperation in bulky but none in slender populations Additionally, we find that cooperation is less robust to cost increases in the slender than in the bulky populations. For example, at cost of 0.1, the average amount of public good secreted in bulky, 100x100 populations is 82% of what it was with cost of 0.01 (large difference in effect size, as quantified by Cohen's d = 2.84), whilst in slender, 4x2500 populations the corresponding percentage is only 68% (d = 3.36). However, the difference between the two effect sizes is only marginally significant (p = 0.079). Minimum of Cohen's d is 0, when two populations have the same mean. There is no theoretical maximum, as Cohen's d would increase with the increase in the difference of means, assuming the variance of the individual populations remains unchanged.
Public good diffusion and degradation experiments. In both population shape treatments, a higher rate of diffusion of the public good into neighboring cells was generally associated with a lower amount of public good secreted by the organisms (Figures S8 and S9) . We analyzed the Aevol populations after 50,000 generations of evolution under different conditions and found that some of the data is not normally distributed (Lilliefors test, p < 0.001 for bulky populations diffusing at 0.1, p = 0.002 for bulky populations diffusing at 0.1, p = 0.003 for slender populations diffusing at 0.05), suggesting the use of nonparametric tests. We compared different treatments to each other using Wilcoxon rank sum test and found that secretion in bulky populations with the largest diffusion (0.1) was significantly different than in all other treatments (p = 0.037 for 0.001, p = 0.029 for 0.01, and p = 0.039 for 0.05), while none of the other comparisons were significant (p > 0.7). In slender populations the situation was similar, with the 0.1 diffusion treatment being significantly different from all others (p < 10 -9 ), but no other comparisons being significant (p > 0.4). As before, the cooperation in bulky populations was more resilient to unfavorable conditions. For example, there was a 54% decrease in average secretion between diffusion levels 0.001 and 0.1 in the slender population (Cohen's d = 4.60), but only an 11% decrease in the bulky ones (d = 1.13), for the same diffusion levels, which was highly significant (p < 0.001). For the same diffusion level, there was always less secretion on average in the slender than in the bulky populations (p < 10 -9 ).
Changing the public good degradation rate had a similar effect as modifying the diffusion rate. We analyzed the Aevol populations after 50,000 generations of evolution under different degradation conditions and for majority of the data rejected the hypothesis of data coming from a normal distribution (Lilliefors test, p < 0.001), suggesting the use of nonparametric tests. We should note that, as we observed in previous work ), medium diffusion is selecting for higher cooperation levels than low diffusion rate. Still, more importantly for the subject of this study, for the same diffusion level, there was always less secretion on average in the slender than in the bulky populations (p < 10 -5 ). Bulky populations were more resistant to unfavorable conditions with, for example, a 28% drop in secretion between degradation levels 0.01 and 0.3 (Cohen's d = 0.98), but more than twice as much, 65% (d = 1.99) in slender populations, Statistical analysis, tests of normality. In order to determine the most appropriate statistical test to use in our data analysis, we always started by testing the normality of the data using Lilliefors test. This is an extension of Kolmogorov-Smirnov test which does not assume a know mean or variance of the normal distribution the data may be coming from. The null hypothesis is that the data does come from a normal distribution. If we can reject the null hypothesis with at least 0.05 significance level for any of the populations that we wish to compare, we use a non-parametric Wilcoxon rank sum test, or in case of paired data, Wilcoxon signed rank test. Otherwise, if we cannot reject the hypothesis of normality, we use the two-sample Student's t-test. We specify the test used thought the main text, while here we give the p values for all the normality tests we have performed.
Population shape experiments. Reject normality of data from Aevol slender populations (p = 0.001) but not bulky population (p = 0.097). Reject normality of data from Aevol-lite slender (p < 0.001) but not bulky populations (p = 0.480). Reject normality of data from both slender (p < 0.001) and bulky (p = 0.005) CAevol populations.
Patchiness in Aevol.
Cannot reject null hypothesis of normality any of the data. For number of clusters in bulky populations p > 0.5 for regular and p = 0.385 for permuted populations, while p = 0.090 for regular and p > 0.5 for permuted slender populations. For cluster size in bulky populations p > 0.5 for regular and p = 0.291 for permuted populations, while p = 0.205 for regular and p > 0.5 for permuted for permuted slender populations.
Relatedness in Aevol.
Cannot reject the null hypothesis of normality of the coefficient of correlation for any of the populations shapes, neither when secretion was present nor when it was absent (p > 0.5 in all cases).
Reshaping experiments in Aevol. Cannot reject the null hypothesis of normality in the average public good secretion data for populations that remained in slender shape during entire evolution (p = 0.242) and populations that started evolution in bulky but ended it in slender shape (p > 0.5). Reject normality of the data from populations that remained in bulky shape during entire evolution (p = 0.025) and populations that started evolution in slender but ended it in bulky shape (p = 0.010). Figure S1 . Example of the transcription and translation process in Aevol (from ). The gene is preceded by a promoter region, followed by a Shine-Dalgarno sequence (here marked as ribosome binding site, RBS), and followed by a hairpin-forming terminator region. Between the START and STOP codons, we identify the codons for the mean, height, and width of the protein, using the genetic code table shown on the right. Although it is not the case here, START codon, 000, may occasionally appear inside a protein sequence, and is then interpreted as H0. These codons are transformed into Gray code by combining their indices, then scaled and normalized, as described in the Supplementary Information text. The efficiency of the promoter in this example is 0.8 because it differs by 1 base from the default consensus sequence, which modifies the protein height. The same gene could have been coded by a slightly re-shuffled set of codons, e.g. H1 H1 M1 M1 M0 W1 W0 W1. Figure S4 . The difference in cooperation, over time, in Aevol populations that evolved in bulky (100x100, blue) versus slender (4x2500, green) populations. Cooperation was quantified as the average amount of public good secreted. Note the 4 times longer timescale than the equivalent graph in Figure S3A . (A) Each curve is an average of 50 replicate experiments and the shaded area represents one standard error of the mean. (B) Percentage difference between two population shapes, calculated as difference between the absolute average the amount secreted in two shapes, divided by the secretion in the slim populations. The shaded area represents the standard error of the ratio, calculated using the formula described in the "Lifecycle and dynamic of cooperation patches" section of the main text. . The average decrease of secretion in mutants. 10,000 random mutants were created for the top 50% secretors in the top 90% fittest individuals from each bulky or slender population after 50,000 (blue) and 200,000 (green) generations of evolution. Average mutation effect was calculated for all the mutants within a population that had decreased secretion but not decreased metabolic fitness. We analyzed 50 populations and the results are presented using boxplots. The horizontal line is the median, the box edges are the 25 th (q 1 ) and the 75 th (q 3 ) percentile, the whiskers mark the most extreme data points still smaller than q 3 + w(q 3 -q 1 ) and larger then q 1 -w(q 3 -q 3 ), where w = 1.5, and the points outside of the whiskers are considered outliers and marked with plus symbols (+). Figure S8 . Effect of public good diffusion on cooperation, for individuals that evolved in (A) bulky, 100x100 versus (B) slender, 4x2500 populations. The diffusion rate is the proportion of public good present in a grid-cell that diffuses into each of its neighboring eight cells at every generation. Cooperation was quantified at the final generation of the experiment as the average amount of public good secreted. 50 replicate experiments were conducted for each treatment. The boxplots have the same properties as in the Figure S6 . Figure S9 . Effect of public good degradation on cooperation, for individuals that evolved in (A) bulky, 100x100 versus (B) slender, 4x2500 populations. The degradation rate is the proportion of public good present in a grid-cell that degrades and thus disappears at each generation. Cooperation was quantified at the final generation of the experiment as the average amount of public good secreted. 50 replicate experiments were conducted for each treatment. The boxplots have the same properties as in the Figure S6 . Due to extremely small average amount secreted (less than 10 -5 ), the boxplots for the degradation rate 0.5 are not visible. 
